In this paper, we present several modifications of the classical PageRank formula adapted for bibliographic networks. Our versions of PageRank take into account not only the citation but also the co-authorship graph. We verify the viability of our algorithms by applying them to the data from the DBLP digital library and by comparing the resulting ranks of the winners of the ACM E. F. Codd Innovations Award. Rankings based on both the citation and co-authorship information turn out to be "better" than the standard PageRank ranking.
Introduction
Notions of importance, significance, authority, prestige, quality and others play a major role in social networks of all types. They denote an object that has a large impact on the other objects in the community. Perhaps the best example are bibliographic citations in the scientific literature. Counting citations of research publications is a relatively objective manner to determine quality research known since a long time ago. With the fast growth of the World Wide Web in the past ten years, this kind of analysis has become essential also in this domain in which links between Web pages may serve as citations. Therefore, current Web search engines make use of various link-based
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Scientometrics 76 (2008) quality ranking algorithms whose rankings they combine with the keyword search results to offer the user not only topic-relevant but also high quality Web pages. The best-known link-based ranking algorithm is PageRank [BRIN & PAGE, 1998 ]. BIANCHINI & AL. [2005] and LANGVILLE & MEYER [2003] review the latest developments of PageRank thoroughly. This recursive algorithm is applicable to any directed graph -such as a graph of citations between authors or papers. However, bibliographic data usually offers more than just citations. Collaboration networks are also a valuable source of information and are often studied (e.g. [ . But their combination with citation graphs, which may lead to more "fair" rankings of authors, has been relatively little examined. In the following sections, we present several modifications of the classical PageRank formula adapted for bibliographic networks. Our versions of PageRank take into account not only the citation but also the co-authorship information.
Definitions
Let G P = (P ∪ A, E P ) be an undirected, unweighted, bipartite graph (co-authorship graph), P ∪ A a set of vertices (P a set of publications, A a set of authors) and E P a set of edges. Each edge {p, a} ∈ E P , p ∈ P, a ∈ A means that author a has (co-)authored publication p. Let G C = (P, E C ) be a directed unweighted graph (publication citation graph), P a set of vertices (the same set of publications), and E C a set of edges (citations between publications). Now, based on the two graphs G P and G C , we will introduce yet another graph we will further work with. Let G = (A, E) be a directed, edge-weighted graph (author citation graph), A a set of vertices (the same set of authors) and E a set of edges (citations between authors). For every p∈P let A p = {a∈A: ∃{p,a}∈E P } be the set of authors of publication p. For each (a 1 ,a 2 ), a 1 ∈A, a 2 ∈A, a 1 ≠a 2 where there exists (p 1 ,p 2 ) ∈ E C such that {p 1 ,a 1 } ∈ E P and {p 2 ,a 2 } ∈ E P and A p1 ∩A p2 = ∅ (i.e. no common authors in citing and cited publications are allowed) there is an edge (a 1 ,a 2 )∈E. Thus, (a 1 ,a 2 )∈E if and only if ∃(p 1 ,p 2 ) ∈ E C ∧ ∃{p 1 ,a 1 } ∈ E P ∧ ∃{p 2 ,a 2 } ∈ E P ∧ A p1 ∩A p2 = ∅ ∧ a 1 ≠a 2 .
Before assigning weights to edges in E, we further define:
• w u,v = |C| where C = {p 1 ∈P: ∃{p 1 ,u}∈E Note that the current authors are considered as co-authors of themselves (variables hd, h, td, t). They should actually not be counted in, but this would have no effect on the results.
Rank computation
We associate a triple of weights (w u,v , c u,v , b u,v ) with each edge (u, v) ∈ E. w u,v and c u,v are described above, and b u,v can be equal to one of the seven following values according to the semantics of edge weights we want to stress:
We then define the rank R(u) for author u as follows:
where
and d is the damping factor, an empirically determined constant usually set to about 0.9. In all the variations above, we penalize the cited author for the frequency of collaboration with the citing author. We suppose that a citation obtained from a frequent co-author (colleague) is less valuable than that from a foreign researcher. Therefore, the contribution from citing authors is inversely proportional to the number of common publications with the cited author. This happens in case a). On the other hand, we mitigate this penalization under some circumstances. In cases c), d), f), and g) we Scientometrics 76 (2008) recognize that the relationship between two authors is weaker if they have many coauthors in general -cases c) and d) -or in common publications -cases f) and g). We also distinguish between all co-authors -cases c) and f) -and distinct co-authorscases d) and g). In case b) we claim that two authors are more closely related if they have relatively many common publications in relation to the total number of publications by both of them and less related in the opposite case. The same holds for case e) where the total number of publications by each author as the only author is counted. When all the coefficients c and b are equal to zero, equation (1) 
Zero c coefficients
Certainly, there will be many author pairs in G for which c is zero. Does it make sense to have a non-zero coefficient b if c is equal to zero? It surely does not when b is t or td. If there are no common publications, there are no co-authors in common publications either. Other parameters (f, g, h, hd) may (or even must) be greater than zero even if c is zero. But modifying the portion of rank distributed between authors only on the basis of all their publications (f), all their co-authors (h), etc. without the context of their common publications (c = 0) does not look meaningful. Why should author x obtain more rank than author y from a particular citing author only for the reason that he/she has written more publications? Briefly, we set b to zero whenever c is zero. Table 1 shows edge weights for graph G in Figure 1 . The coefficients f, g, h, and hd are zero when c is zero as mentioned in the paragraph above, but their non-zero variants are also presented in parentheses for illustration. Edges (p 2 ,p 3 ) and (p 3 ,p 2 ) have no effect, because they are considered as self-citations (author a 2 has co-authored both of them). The proportions of rank distributed by author a 1 in graph G in Figure 1 along its out-edges in the standard (PR) and weighted PageRank (w) and the variations a) -g) are given in Table. Figure 1. Examples of co-authorship, publication citation, and author citation graphs Table 1 . Edge weights for graph G in Figure 1 Edge Table 3 summarizes some basic statistics of the DBLP data we work with. We spend some time discussing it here as a good understanding of it is vital for everyone wishing to reproduce our experiments. The data contained 173 630 article records (journal papers) and 298 413 inproceedings records (conference papers) that we imported into a relational database. These numbers are in cells B2 and C2, respectively. The total number of article and inproceedings records (i.e. their corresponding XML elements), which we will refer to as papers, is 472 043 (D2). The number of papers having some references is only 8 188 (D3) which is less than two percent of the total. In addition, a large part of all references from papers (D6) are references to undisclosed publications outside of the DBLP library. The references within DBLP (D7) can be further decomposed into references to papers (D8) and references to other kinds of publications such as books, theses, etc. The corresponding numbers of papers with references within DBLP publications and with references to papers are D4 and D5. Exactly 18 285 distinct papers are cited (D11). Time spans are not shown in Table 3 . Table 3 , such as the number of references from journal papers to conference papers (B10), the number of conference-to-conference references (C10), the number of journal papers with references to papers (B5), etc.
Example
w c f g h hd t td {a1,a2} 2 0 0 (4) 0 (1) 0 (7) 0 (4) 0 0 {a1,a3} 1 1 4 1 7 3 2 2 {a1,a4} 1 0 0 (3) 0 (1) 0 (5) 0 (4) 0 0
DBLP testbed data

Publications
Let us return to Table 3 . The publication citation graph G C based on the articles and inproceedings records will thus have 472 043 nodes (|P| in D2) and 100 654 edges (|E C | in D8). So the references not pointing to papers or even pointing outside of DBLP have absolutely no effect. 7 948 nodes (D5) will have some out-edges and 18 285 nodes (D11) will have some in-edges. There will be 5 389 nodes with both in-and out-degree non-zero (not shown in Table 3 ). The other graph constructed from the DBLP records is the co-authorship graph G P . This graph has |P| + |A| nodes (publications plus authors) which is 472 043 + 315 485 = 787 528 vertices in total. The number of edges |E P | is 1 070 643. This is actually the number of publication -author pairs (see G P in Figure 1 ). The most frequent number of co-authors is two and a publication has 2.27 coauthors on average. Interestingly, there are also publications without any authors which is an obvious omission in DBLP.
Author citation graph
The resulting citation graph of authors G had 295 531 edges (no self-citations are allowed and citations between publications that have at least one common author are considered as self-citations) which is |E|. Obviously, |A| is still 315 485. 12 934 nodes had a non-zero in-degree, 6 992 nodes had a non-zero out-degree. 4 748 nodes had both a non-zero in-degree and a non-zero out-degree. Only 15 178 authors were not isolated. This low inter-linkage of nodes in G is a result of the nature of the DBLP data. Citations were systematically input only for a small number of journals and conferences, such as SIGMOD Record or VLDB Journal, as was already mentioned by SIDIROPOULOS & MANOLOPOULOS [2005] . See Figure 2 for a cumulative distribution of in-and outdegrees and their weighted variations (citations and references) in graph G.
The maximum value for in-degree is 1 857, for out-degree 834, for citations (in) 5 346 and for references (out) 2 594. Apparently, the largest bin would be 0+ (in-degree or citations of zero or more) with all the isolated authors included. It is not depicted in Figure 2 . As we may see, the four series are quite well correlated. The number of authors with a specific degree decreases as the degree gets bigger. There are no evident outliers. Perhaps the most interesting feature is the sudden drop in the number of authors for 1+ (having one or more) and 5+ (having five or more) in-degree and Scientometrics 76 (2008) citations. This is not the case for out-degree or references. This means that 5 is quite a boundary for less and more cited authors. Also, the superiority of references over citations which begins with 10+ and terminates with 200+ indicates that the group of highly cited authors is greater than that of highly citing authors. Figure 3 shows the cumulative distributions of various parameters defined in the weights of edges in E of graph G. The size of the bin 0+ for each series of each graph would be 295 531, i.e. |E|. The number of edges in each 1+ bin is always 7 017 since this is the number of edges in E between authors that have some common publications. This number will never be exceeded by values of other parameters because we have defined the parameters f, g, h, hd, t, td to be zero whenever c is zero. Now, let us make a few examples of interpretation of the data in the figures. For instance, the number of edges in E for which the parameter c is five or more is a little greater than one thousand. This means that there are some one thousand author pairs having five common publications at least that cite each other (not necessarily at the same time). The author pairs are ordered, so if the authors cite one another at the same time, i.e. there are two edges in E for this pair, the pair is counted twice. Another example: there are some 5 000 author pairs having some common publications whose sum of publications is 70 at least (see Figure 3 top right) .
In Figure 3 bottom left, we can observe that there are no collaborating authors that would have 400 or more distinct co-authors in total. The bins 1+ and 2+ in Figure 3 bottom right are the same because each common publication of two authors has two 143 (distinct) co-authors at least. The largest number of author pairs have between five and ten distinct co-authors in their common publications (see Figure 3 bottom right) . If we subtract the citing and the cited author, it is between three and eight. In general, it holds that f ≥ g, h ≥ hd, t ≥ td as the second parameter in the couple is always more restrictive. 
Statistics of c and b coefficients
To terminate this subsection, Table 4 presents basic statistics of the c and b parameters in the weights of edges in graph G, which were commented on in the previous paragraphs. Parameter b is represented by the corresponding coefficients f, g, Scientometrics 76 (2008) h, hd, t, and td as described in the definitions. Note that only those edges in E of G are considered for which c is non-zero, i.e. edges between authors who have some common publications. The number of these edges is 7 017 as mentioned above. Taking into account all of the edges in E would obviously decrease the mean values and set all medians and modes to zero. In total, we have found 10 902 author pairs having one common publication at least but not all of them have a citation edge in E, of course. Some interesting findings visible in Table 4 include: i) the maximum number of distinct co-authors in common publications by two specific authors is 67 (!), ii) the most frequent number of the same is three (rather low), iii) the maximum total number of publications (counted separately) of two collaborating authors is 489, etc. Much more analysis (such as component analysis) of the co-authorship and citations graphs could be done, but it is not the aim of this paper. 
Computing ranks for authors
We exploited extensively the author citation graph G described in detail above. Altogether, twelve ranking methods were employed to evaluate the authors. In addition to the weighted (citation counting) and unweighted in-degree, HITS authorities, and the standard (unweighted) PageRank, we also applied the weighted and the bibliographic (seven variants) PageRank algorithms. In this way, we finally obtained twelve author rankings. The big problem that immediately arises is how to evaluate the quality of these rankings. The quality of a ranking is a highly subjective matter. A straightforward solution would be to compare the generated rankings with an official, "human-made" ranking. Unfortunately, this does not exist. Another possibility would be to make use of the various available citation systems and compare the new rankings with their citationbased rankings. The trouble here is that the citation data in DBLP is very incomplete and it is more or less concentrated on publications in a few particular journals and conferences. Thus, it would not be directly comparable. Quite logically, the authors expected that award winners should be placed higher in their rankings than other authors. In other words, the "better" a ranking, the higher ranks it associates with award winning authors. As our approach is somewhat different from theirs (more on this will be said in the related work section), the only award we can take advantage of is the ACM SIGMOD E. F. Codd Innovations Award (http://www.sigmod.org/sigmodinfo/awards/#innovations), which is awarded "for innovative and highly significant contributions of enduring value to the development, understanding, or use of database systems and databases."
Program committees
The only alternative approach to author ranking evaluation we are aware of is described by LIU & AL. [2005] . Here the newly derived rankings are compared to lists of program committee members (i.e. prestigious researchers) of conferences on digital libraries. A ranking with more authors being members of program committees is considered "better" than another one having only a few of them. This approach has two obvious drawbacks. First, it is domain specific. It is appropriate for rankings based on data from digital library conferences (as was the case). For other fields different program committees would have to be considered. But for general, non-specific data (more or less the case of DBLP) it is not reasonable. And second, actual ranks of authors are not taken account of. So two rankings with the same authors in a different order would be evaluated the same. (Although this can be improved easily by comparing a series of ranks rather than single total scores.)
Results
We thus compared the ranks achieved by fifteen winners of the ACM SIGMOD E. F. Codd Innovations Award from the years 1992 -2006. We also expected that "better" rankings would place award winners higher. Let us have a look at Table 5 with the actual ranks. The first three rankings (citations, in-degree and HITS authorities) are presented just for reference. The actual baseline ranking is "PR" (standard unweighted PageRank, in a darker column). In other words, the goal is to compare the new "bibliographic" PageRank rankings in columns "w" and "a" through "g" with the standard PageRank. The column "w" stands for the weighted PageRank and "a" -"g" Scientometrics 76 (2008) correspond to the variations a) -g) mentioned at the very beginning of the section on rank computation. We can see that the weighted PageRank is much better than the classical one in terms of the sum of ranks (the smaller the better), the median rank and a little better as for the worst rank assigned to the award winners. The rankings "a" -"g" are always better than the standard PR regarding the sum of ranks and median rank and only "a" and "c" have a worse worst rank. The ranking "a" is also weaker than "w" in all metrics whereas "c" only with respect to the worst rank. The rankings "d" and "e" are the best in the sum of ranks and in the worst rank respectively. The median is better for "d" (9 versus 12). Let us recall that this ranking penalizes authors frequently cited by their co-authors but it weakens this handicap if the citing and cited authors have many distinct co-authors altogether. Moreover, the median rank 9 is the best of all in the table. Even the rankings not based on PageRank are worse in this respect. As we may observe, simple citations counting and in-degree perform best. This is not astonishing since prestige, popularity, awards, and recognition generally still rely mostly on the number of an individual's citations. What is more surprising is the very good result of HITS which is in contradiction with the conclusions taken by SIDIROPOULOS & MANOLOPOULOS [2005] . However, their HITS ranking was not obtained in the same way as ours.
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Discussion of author ranks
The accompanying chart of Table 5 is in Figure 4 . We can easily capture the most significant trends there. The three lowest-ever ranked authors are Rudolf Bayer, C. Mohan, and Serge Abiteboul. At the same time, the positions of Rudolf Bayer and Serge Abiteboul are quite oscillating (both high and low ranks exist) whereas those achieved by C. Mohan remain more stable (rather low). There are two scientists who are always ranked in the top 10 -Michael Stonebraker and Jim Gray. Nevertheless, these two researchers were awarded first -in 1992 and 1993, respectively. Thus, there has been time enough for them to profit from the award and to collect citations. In this context, the high ranks of the most recently awarded researcher, Jeffrey D. Ullman, are very remarkable. (Of course, he may have won another one from the many awards before.) Let us have a look at some particularities in Figure 4 . For instance, Rudolf Bayer has relatively few citations and few distinct citing authors (citations and in-degree), but Scientometrics 76 (2008) he is cited mostly by authoritative researchers ("PR" and "w") and not so much by his colleagues ("a"). Then he suddenly looses good positions which may indicate that his colleagues citing him have published rather little ("b" and "e") and that they usually have few co-authors in their publications ("c" and "d"). But the number of co-authors in the common publications with the researchers citing him is relatively high ("f" and "g"). Also, there is the biggest difference between "c" and "d" for Rudolf Bayer amongst all awarded authors. This may mean that there are less distinct co-authors in his publications (and/or in publications of his colleagues citing him) with respect to all coauthors than is the case with other award winners. It is somewhat inverse with Serge Abiteboul. He has many citations but is cited by less authoritative authors (a sudden drop with "PR"). However, if the frequency of endorsements is taken into account ("w"), Abiteboul's rank improves considerably (from over 100 to almost 60), etc. Certainly, all of the above explanations are not exclusive, because there may be many other factors affecting the ranks that we are even not aware of. Also keep in mind that the results are based on the very incomplete data we work with. We do not present individual statistics over rankings for each author here since the objective is to compare rankings rather than authors.
Comparison of rankings
There are a number of metrics for comparison of rankings. See [SIDIROPOULOS & MANOLOPOULOS, 2006] for some of them. We will briefly discuss the outcomes of three metrics -two numerical and one graphical. In Table 6 we can see the number of common elements in the top twenty authors of two particular rankings. For instance, the ranking by citations has 16 authors in common with the ranking by in-degree in the Top 20. The number of common authors varies between five and twenty. Of course, it does not reveal anything about the order of authors. It just says that 16 authors are the same. Theoretically, the ordering could be inverse. Two pairs of rankings have a complete match -"w" and "a", and "b" and "e". Also "f" and "g" have a rather great match (19 authors in common). On the other hand, the least observable match is produced by the standard PageRank -it shares just five authors with each "b", "c", and "e". We can notice that there is a set of pairs of "twin" rankings that match quite well each other: {citations, in-degree}, {"PR", "w"}, {"b", "e"}, {"c", "d"}, and {"f", "g"}.
The "twin" rankings are very close to each other in the definition of their coefficients, e.g. weighted or unweighted in-degree, co-authors or distinct co-authors, etc. This definition similarity results in the similarity of their top twenty authors. The only exception in this respect is the pair {"w", "a"} that matches perfectly but whose definition is somewhat distinct. On the contrary, we may observe the smallest numbers between the rankings from {"b", "c", "d", "e"}X{"PR", "w", "a"}.
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The next comparison is based on the correlation between rankings. Table 7 shows the Spearman correlation coefficients for each pair of rankings. They are all significant at the 0.01 level. An alternative metric would be Kendall's tau. With this metric, we consider the ranks of all authors that have some in-degree. (It is 12 934 as we mention above.) Thus, few matches in the Top 20 may be easily compensated for with matches of lower ranked researchers. All highly matching pairs of rankings from Table 6 are represented by a large correlation coefficient. The highest correlation (0.9995) was measured between "b" and "e" where publications and "solo" publications are interchanged. On the other hand, the least correlation is reported between "c" and HITS (0.6379). However, the number of common top 20 authors is 12 which is by far not the worst. Evidently, there are many mismatches between lower-ranked scientists. The sector of small matches from Table 6 has disappeared here. It seems that mismatches just accumulate in the upper part of rankings (which is more important than the lower one, though). Finally, let us present a graphical representation called q-q plot. Ranks of authors generated by two different rankings are plotted against each other. Obviously, two perfectly matching rankings would produce a straight line. There are 68 ranking pairs, so it is impossible to show all charts. We have chosen four of them and show them in Figure 5 . The top-left and bottom-left charts are examples of highly matching "twin" rankings ("f" vs. "g" and "b" vs. "e", respectively). The top-right plot is for the least correlating pair (HITS vs. "c") and the bottom-right plot represents a "mediocre" ranking pair (namely "a" vs. "c").
Convergence
All in all, enhancing the citation graph with further bibliographic information proves to be very useful. The advantage over the standard PageRank is clear. Already assigning weights to the edges in the citation graph is very effective and adding data from the coauthorship network improves the results even more. The convergence rates of standard and bibliographic PageRanks are comparable. See Figure 6 where the damping factor (d in Equation 1 ) is set to 0.9. The vertical axis in the figure represents the Spearman correlation coefficient between the rank vectors in the current and previous iteration.
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This simplified convergence criterion is often used instead of measuring the absolute error over rank scores. In the single precision arithmetic (six or seven decimal digits), all algorithms converge in about ten iterations. Of course, the resulting rankings depend entirely on the structure of the citation and co-authorship graphs, i.e. on the DBLP data they are generated from. In our data collection, only 8 188 publications from the total 472 043 had references included. The rest could be used for the co-authorship graph only. Even though the DBLP collection dates from 2004, it still makes sense to take into account award winners from more recent years because it usually takes a couple years for a publication to become cited and DBLP references to papers from years after 1997 are rather rare [SIDIROPOULOS & MANOLOPOULOS, 2005] . The newest citing paper is from 2001 as pointed out above. 
Prediction
We show the top 40 authors for each ranking method in Table 8, Table 9, Table 10 and Table 11 Their PageRank-based algorithm is called SCEAS. Although we adopted their testing methodology (DBLP and award winners) and tried our best for our results to be directly comparable, they are not. This has several reasons:
• Different data. Unfortunately, authors use DBLP data from January 14, 2005. These data were probably up-to-date when they conducted their experiments but they are obsolete now and, in addition, they are not publicly available. Had they worked with the time-stamped data instead, the input data would be the same and their results verifiable.
• No author citation graph. Only co-authorship graph G P and publication citation graph G C are constructed. All computations are performed upon G C and rankings for authors are obtained by averaging ranks of their publications.
• Not all publications considered. In addition, only the ranks of the 25 bestranked publications of each awarded author are counted in for author ranks. The number 25 was selected because it appeared to be the global optimum of SCEAS Rank.
Evidently, the number of best publications selected can severely affect the ranking quality. If a global optimum for PageRank was chosen instead, one can assume that SCEAS Rank would come out much worse. Even for those 25 publications (optimal for SCEAS), PageRank has a smaller sum of ranks (200 against 207). The results of SCEAS would be comparable to ours if the ranks of all publications for each author were taken into account. The authors do not disclose these results. Working directly at the author level (and not at the publication level) avoids the problem of searching for the optimal number of best publications for authors (some authors may even not have the required number of publications) and, therefore, the resulting rankings are biased towards the method that the optimal number of top publications was selected for. Authors in [SIDIROPOULOS & MANOLOPOULOS, 2006] try to amend the "number-ofpublications" problem by aggregating the ranks of authors over several different numbers of top publications but still not all publications are considered which does not allow for an unbiased comparison of authors and methods. The inherent disadvantage of our author-level methodology is that it does not enable ranking publications.
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Liu and Bollen
LIU & AL. [2005] introduces co-authorship frequency and exclusivity computed from a co-authorship graph into PageRank (called AuthorRank) and rank authors from a few conferences on digital libraries. Co-authorship frequency and exclusivity are somewhat analogous to the c and t coefficients from our definitions. Their testing data originating from an undisclosed version of DBLP are rather small (759 publications) and domain-specific. They compare their rankings with relevant program committee members and conclude that "the results of PageRank and AuthorRank are highly correlated, but there is no conclusive evidence that one performs better than the other." However, they do not take advantage of distinct numbers of citations between authors, i.e. the parameter w from the definitions section is always set to one in their method. Interestingly, they do this for journal citation networks with a weighted PageRank algorithm [BOLLEN & . But no co-authorship information was added to journals for obvious reasons. On the other hand, our "bibliographic" PageRank exploits both the co-authorship and citation information from bibliographic networks in a generalized manner.
Conclusions
Link-based ranking methods have become the standard way of determining authoritative Web pages. They may be easily applied in every environment that can be modelled as a graph and citation networks of authors or papers invite their usage. However, citation networks are only one part of bibliographic information. Collaboration networks are also a valuable source of information and their combination with citation graphs, which may lead to more "fair" rankings of authors, has been relatively little explored. Therefore, we present several modifications of the classical PageRank formula adapted for bibliographic networks. Our versions of PageRank take into account not only the citation but also the co-authorship graph. We verify the viability of our algorithms by applying them to the data from the DBLP digital library and by comparing the resulting ranks of the winners of the ACM SIGMOD Edgar F. Codd Innovations Award. Rankings based on both the citation and co-authorship information tend to place the awarded authors higher than the standard PageRank ranking. In our future work, we would like to concentrate on the issue of incorporating the time factor in the bibliographic PageRank. 
